this time is not considered when measuring the emergency care process and its indicators. [6, 8, 13] Pretriage should be as short as possible, considering that the longer the prioritization time, the greater the clinical risk of the patient. [5, 9] In an institution that provides health services in Bogota, Colombia, which serves an average of 3592 patients/month, the researchers found long pretriage times with an average time of 18 and 23 min for patients classified as Emergency Severity Index (ESI) Level 2 and 3, respectively. [10] In another institution, an average pretriage time of 24 min was found for nocturnal visits and 48 min on weekends [11] for 150 patients classified as ESI level 2. Both cases show long pretriage periods. Similar to what was reported in other institutions, our research found that in our emergency department the preclassification time frequently exceeded 30 min in 2016. The long waiting time motivated this investigation, with the intention of evaluating how to organize the staff's schedules, using queuing theory to reduce pretriage time.
subjects And metHods
We conducted a "before-and-after" study in the ER of the Hospital Universitario San Ignacio, a tertiary academic urban Hospital in Bogotá, Colombia. We included adult patients who requested emergency care and excluded gynecology and pediatric triages, considering that these patients have different facilities and access routes to our hospital. We did not collect sociodemographic data from patients since they are not related to pretriage times. For the 7-month period from August 2016 to February 2017, we determined the time elapsed between the arrival of the patient to the ER and the triage process (pretriage). We consider the information registered in the automated software used to assign the order of attention.
In general, the implementation of queuing theory allows a better understanding of the dynamics of services such as ER [3, 8] and facilitates the development of strategies to improve its functioning. [6, 14] It is a mathematical model used in "waiting lines" that allows analyzing variables such as waiting times and dead times. [3, 4, 8, 13, [15] [16] [17] [18] When applying this theory to the triage process, it is assumed that there are three fundamental variables that affect the total attention times: (1) number of patients, (2) time used by the nurse to classify a patient, and (3) times of wait. The queue formed in the waiting room of the triage service was approximated using a M | M | c model, where the first M represents the distribution of the times between arrivals, calculated every hour thanks to the accuracy of the data delivered by the software used to assign turns. The second M refers to the service process, and the letter c represents the number of people serving. M means Markovian, a reference to the memoryless property of the exponential distribution, which implies that both the times between arrivals and the time used in a single attention follow an exponential distribution in each hour. According to this, we can define that arrivals to the waiting room for triage will occur according to a Poisson distribution, which would guarantee the exponentially of the times between arrivals. [3, 6, 15, 16] The followings were the assumptions that we considered for the calculations based on the queuing theory: [3] • Patient waiting time should not exceed 5 min (data obtained from the historical data of this procedure in the department) • Patient care capacity per hour (μ) varied according to the number of nursing professionals needed to avoid exceeding 5 min.
The formula [19] and nomenclature used were the following: W q = waiting time in the queue (refers to the time elapsed since taking the turn until the call to be attended).
After we analyzed our pretriage state at baseline and determined the optimum distribution of nurses using queuing theory, we made changes in staff's schedules based on this analysis. Specifically, our intention was to define the number of nurses needed to reduce the waiting time in the queue to a minimum (ideally <5 min) but looking for a neutral resource approach or minimal impact with respect to the number of nurses.
We evaluated a second 7-month period from August 2017 to February 2018. Finally, we compared baseline pretriage times, before and after staff's schedules changes using a paired t-test. A STATA 15 statistical package (StataCorp., 2015. Stata Statistical Software, College Station, TX: StataCorp LP) was used.
Results
For the first evaluation period, 89,898 patient visits were considered (monthly average of 11,237 turns). Table 1 shows information on the average number of patients who came per hour and the average number of patients per day. Although the number of users from Monday to Sunday was different, the arrival behavior was the same, with maximum peaks from 10:00 am to 12:00 pm and from 2:00 pm to 4:00 pm.
Our model allowed us to design the ideal staff's schedules to keep wait times less than 5 min. As we considered that the average number of patients arriving each day was different, we obtained different results for each day. Table 2 shows the results of the analysis for Monday, including the expected time in queue and waiting time in queue. Table 3 shows the number of professionals (c) needed in the triage service per hour each day of the week, according to the model.
With this information, we organized the staff in a new schedule. The existing staff included eight professional nurses in triage area, and a supernumerary chief nurse who had different functions. The staff employed after the changes included the same number of professionals but with functions in triage for the supernumerary chief nurse in some hours. Table 4 shows the distribution of nursing staff in both periods.
When observing the staff distribution, it is evident that there is a surplus of staff in certain hours, comparing the suggested and the implemented schedule [ Table 5 ]. It allowed us to cover the additional functions that the supernumerary chief nurse covered in the preintervention period, to support other areas of the emergency department. These changes were consulted and supported by the nurses of the area, which facilitated its implementation.
To evaluate the impact of the changes in the triage procedure, we compared the data of periods before and after the implementation of the staff distribution suggested by the model [ Table 6 ]. For the second evaluation period, we took into account the information on 94,497 turns (monthly average of 11,812 turns). 
dIscussIon
The present work evaluates the impact of an intervention based on queuing theory in pretriage time in an ER. It showed a significant improvement in service times, without affecting costs or personnel employed, which shows that personnel planning with this strategy is effective to achieve a timely classification. Although a similar number of patients were received each month, the time before triage was reduced by an average of 14.6 min. This corresponds to a 65% reduction in the waiting time. Table 6 shows that the average wait time in the queue (Wq) for the period 2017-2018 was 7.5 min. In the last 3 months of this period (December to February), the behavior was stable, with an average time of approximately 6.2 min, evidencing a progressive decrease in the average time in the queue (Wq), which began in August 2017 with 8.5 min and ended in February 2018 with 6.4 min. 0 to 6  1  1  1  1  1  1  1  6 to 7  2  2  2  2  2  2  1  7 to 8  3  3  3  3  3  2  2  8 to 9  4  4  4  4  4  3  2  9 to 10  5  4  4  4  4  3  2  10 to 11  5  5  5  5  4  4  3  11 to 12  5  5  5  5  4  4  3  12 to 13  5  4  4  4  4  3  3  13 to 14  4  4  3  3  4  3  3  14 to 15  4  4  4  3  4  3  3  15 to 16  4  4  4  4  4  3  3  16 to 17  4  4  4  3  4  3  2  17 to 18  3  3  3  3  3  3  2  18 to 19  3  3  3  3  3  2  2  19 to 24  2  2  2  2  2  2  2 Even when a five-level triage system based on the ESI was implemented 3 months before the beginning of this study, our surveillance showed that time to complete the triage process was stable in both periods of evaluation, so the changes are associated only with the changes explained in the staff schedules.
In addition, we evaluated the time elapsed between the triage and the evaluation by the physician. For patients classified as triage 1, 2, and 3, the times were 2.2 ± 3.85, 34.9 ± 4.49, and 53.1 ± 5.6 min respectively, without significant changes between the two evaluation periods. Thus, the reduction in pretriage time resulted in a real reduction in the total time the problem (queuing theory); (2) the accuracy of the data used to perform the work, as the data from the software used to assign turns allowed to make precise calculations for an adequate distribution of the staff shifts; (3) the willingness of the ER leadership to understand the technical concept and the need to implement it quickly, associated with; and (4) the willingness and active collaboration of the nursing staff to implement the strategy.
Some limitations must be addressed. As with any standardized analysis model, the analysis performed in the first observation period is an approximation of real life, allowing a detailed overview of the system. However, even when the assumptions of the model are relatively few, some interactions between the factors could not be considered initially. However, the observation of a significant reduction in pretriage time, with a similar time when comparing the calculated time, and the time finally observed (5 vs. 7.5 min) suggested a correct model.
We assume that all the differences found in the pretriage time between both periods of observations are associated with the implementation of the of the personnel distribution suggested by the queue theory study; however, our model cannot rule out other possible explanations. For example, behavior of the staff could be associated with the knowledge that they were being observed, reducing the waiting time (Hawthorne effect); however, this explanation is unlikely, since the time observed in both periods was long (7 months).
conclusIons
The application of the queuing theory in health services allows a better understanding of the dynamics of complex services as the emergency department, which facilitates the application of strategies to improve its functioning and efficiency.
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